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 ABSTRACT 
 
“A Spatial and Temporal Analysis of Conifers Using Remote Sensing and GIS” 
 
By Michael David Koon 
 
 
Two sets of remotely sensed images, 1986 Landsat Multispectral Scanner and a 2000 Landsat 
Thematic Mapper +, were used in a change detection study to determine decline and growth of 
conifers in Grant and Tucker Counties.  The images were registered, preprocessed for 
atmospheric effects, ratioed using Normalized Difference Vegetation Index, and categorized.  A 
thematic change calculation was performed indicating growth and decline of vegetation.  The 
resulting information was combined with ancillary data for GIS spatial analysis.  The results 
showed an overall increase in vegetation and specifically on abandoned mine lands.  Statistical 
tests showed decline occurred on steeper slopes, but was variable for growth.  Experimenting 
with spectral signature information found it difficult to discriminate between Picea spp., but a 
difference among Pinus spp. and Picea spp. was evident.     
 
Keywords: Change Detection, Remote Sensing, Geographic Information Systems, Vegetation  
Mapping, Spatial Analysis, Normalized Difference Vegetation Index 
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CHAPTER I 
Introduction 
 
Vegetation is constantly changing throughout the landscape.  Vegetation communities 
evolve with time and eventually new terrestrial characteristics emerge that can be similar or 
completely unlike the generations before.  Natural and artificial causes are the reasons for change 
in ecological environments.  The geographic analysis of land use and cover and remotely sensed 
data can reveal patterns and trends in forestry applications (Brown, 2000).  The environmental 
impact on land change reveals trends and patterns not seen in real time study and observation. 
 Analysis of spatiotemporal trends of vegetation along with human and natural 
interference can be useful in understanding the past, the present, and predicting the future.  
Natural interference examples are disease, age, and natural fires ignited by lightning.  Examples 
of human interference are logging, coal mining, as well as intentional fires.  Particularly, logging 
and railways as transportation have made significant inroads to forested areas throughout the 
United States in the past.  Today many influences affect the vegetation that continues to recover. 
Grant and Tucker counties, located in northern West Virginia, contain natural habitats 
composed of a variety of wildlife.  Similar to Canadian upland forests, the habitat is very unique 
compared to equal latitude environments elsewhere in the United States (Mohlenbrock, 1987).  
The forest types are transitional from lower elevation deciduous and coniferous to upland forests 
(Lewis, 1998).  The primary forest coverage in the study area is upland conifers consisting of 
balsam fir, spruce, hemlock, and pine forests.   
The tree species are different as elevation increases.  Spruce in this area of the Highlands 
is primarily comprised of Norway spruce (Picea abies) and red spruce (Picea rubens) that was 
part of a once extensive red spruce forest.  Picea is a needle-leaf conifer, which describes a year-
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round tree cover.  At 900 meters, the forest includes P. rubens not found at lower elevations 
(Stephenson, 1993).    The characteristics of the species include being found in higher elevations, 
along hydrologic features, in poorly drained soils, and in pure stands (Clarkson, 1964).  P. abies 
and P. rubens are very similar as species.  The needle structure differs from species to species 
such that P. rubens is characterized by a square or four-sided shape (Whitman, 2003).    P. 
rubens, though, contains needles that wrap tightly around the stem and  are about 1 ½ inches 
while P. abies needles stand out from the stem and are usually 4 ½ inches in length (Stefferud, 
1949).  
  Upon examination of satellite imagery there are areas of growth and decline that are 
readily apparent.  The evidence of anthropogenic stress on vegetation can be tracked when land 
uses are compared in space and time, which can differentiate from natural and topographic 
effects.  Whether there is a net increase or decrease in growth, and the causes can be answered 
through research by analysis of multi-date imagery.  Therefore, the purpose of this thesis is to 
use remote sensing change detection to determine conifer growth and decline as related to 
surrounding land characteristics.  Also, research into differentiating tree species using remote 
sensing to determine the growth and decline is examined.  The null hypothesis is that growth and 
decline are not related to slope.  Another goal was to determine if growth and decline were 
affected by abandoned mine lands.  The determination of vegetation patterns will contribute to 
knowledge about tree stand development that affects natural habitats of wildlife. 
Research into vegetation patterns of northern West Virginia is extensive.  The habitat and 
wildlife in Canaan Valley and the surrounding area have been reported by biologists and other 
scientists.  The primary home of the endangered flying squirrel, the ecological environment of P. 
rubens is a sensitive habitat that can be significant for research.  The listing as endangered came 
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in 1985 due to a threatened habitat in P. rubens as well as P. abies, balsam fir, and other species 
(WV DNR, 1998).  The primary habitat of the flying squirrel, these forests has a direct effect on 
important endangered wildlife.   
The causes of decline and growth of vegetation should indicate vulnerabilities posed to 
vegetation such as P. rubens.  This study will determine, since the cessation of the major logging 
era of early 1900s, where conifers are located and the factors affecting growth and decline.  In 
general, there is much understanding as to how the Picea spp. declined in the past.  The clear 
cutting throughout was the major contributor earlier in the last century.  How forest stands may 
have declined and how conifer growth has occurred may be different in more recent years.  
Research is lacking in large-scale spatiotemporal examination of recent vegetation decline and 
growth and what influences each.  
The determination of vegetation decline and growth is accomplished by comparing two 
images of the same area using Remote Sensing and Spatial Analysis.  Change detection is an 
analysis technique from Remote Sensing and Image Processing using algorithms for examining 
patterns of change.  There are several steps involved in change detection.  The process flow for 
this study is: (1) Acquire multi-date imagery similar in spatial, spectral, seasonal, diurnal, 
radiometric, and geometric characteristics, (2) perform any image preprocessing, radiance, and 
geometric corrections if necessary, (3) perform a Normalized Difference Vegetation Index, (4) 
ratio the images in a raster processing environment to determine change calculation, (5) perform 
statistical tests for accuracy assessment, (6) overlay the results onto land use land characteristics 
data, (7) and report the results (Jensen, 1996). 
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CHAPTER II 
Review of Literature and Background 
 
 
Historical Accounts of Vegetation 
 The earliest accounts of vegetation are windows into the past for determining the natural 
environment.  Often landscape surveys occurred on surveying trips or logging expeditions 
(Stephenson, 1993).  The written historical record of trips ranges from general observations to in 
depth analysis of the tree coverage.  Early records show that George Washington noted extensive 
forests throughout the area on his journeys (Clarkson, 1964).  The same was noted from survey 
crews for Lord Fairfax as they crossed through the Canaan Valley forests in the mid 1700’s 
(Stephenson, 1993).  More descriptive accounts occurred progressively through time, but many 
times there was little detail.  
Scholarly research and early records indicate that the general forest area consisted of 
primarily two forest types.  The most prevalent, deciduous trees occurred in lower elevations.  
Hardwoods became more intermittent northward where they began to mix with conifers such as 
spruce, balsam fir, and other species (Lewis, 1998).     
  Picea spp. is a northern conifer and was more abundant in the northern latitudes such as 
Canada and extensive throughout the Allegheny Highlands (Stephenson, 1993).  It specifically 
has ecological preferences that allow for maximized growth and development.  Mapped areas of 
Picea spp. indicate it was widespread through the higher elevations of the Alleghenies and 
occurred on “steep slopes and level, poorly-drained plateaus at higher elevations [including] the 
headwaters of Stony River, Blackwater River” (Clarkson, 1964).    Picea spp. in West Virginia 
was the most prevalent species in the higher elevations of Grant and Tucker Counties, but did not 
dominate east of Spruce Mountain (Stephenson, 1993; Pielke, 1981).    Picea spp. tolerances did 
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not vary quite as much as other species.  According to Pielke, the average temperature in summer 
time should be up to 72 degrees and the environment should never come within 92 degrees 
because of reproduction debilitation (1981).  Thus, the environmental parameters limited the 
growth of Picea spp.    
  Before 1900, the study area was not significantly affected by deforestation despite all 
the activity surrounding the area prior to this time.  The numbers for Picea spp. distribution 
before timbering was 50, 000 acres for Tucker county alone (Clarkson, 1964).  By 1910, a USGS 
map of cut-over forest showed that most of the study area was almost completely ravaged due to 
timbering by rail (Figure 1).  The map shows several stands at the headwaters of the Little 
Blackwater and along the Stony River valley.  The leftover brush allowed for a massive kindling 
pile that eventually ignited due of human and railroad headway into the area (Mohlenbrock, 
1987).  The fires actually prevented the reforestation of the most prevalent P. Rubens from ever 
occurring again in two ways.  First, fire destroyed the deep humus of which the Picea spp. 
seedlings grow best.  Second, the resulting conditions for growth were friendly toward other 
species that were able to dominate the forest and “block out” Picea spp. (Clarkson, 1964).     
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Presently, forest stands are located on Yellow, Beaver, Little Blackwater Creek, and 
Stony River Dam area.  They are currently found along tributary systems within Grant and 
Tucker Counties as well as stands occurring isolated on the land.  Scientists have investigated the 
study area by conventional means focusing on animal habitats.  The area has been investigated 
for endangered species location within and around the Canaan Valley area.  There is no known 
research that has dealt with the use of Remote Sensing for studying tree distribution patterns and 
decline in the study area.  Temporal investigations have yet to be completed as well, though 
long-term studies for habitat change have been accomplished through normal field investigation. 
Figure 1. Remaining forest at the height of the logging boom, 1910 
(digitized from Brooks) 
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Historical Land Use 
Land use brought on by economic development has affected vegetation decline and 
growth.  The railroad industry has extensive involvement in the United States with the coal and 
lumber boom that occurred around the 19th and early in the 20th century.  Logging began in the 
late 1700’s when early explorers settled in the area.  The primary sources of financial prosperity 
were coal and timber industries (Lewis, 1998).  The two industries required clearing the land and 
they also used railroads as primary modes of transport.  Clear cutting began when settlements 
were built along streams and the best timber was cleared for farming and used in building homes 
(Lewis, 1998).  As time progressed, the need for more lumber inevitably increased.  This called 
for better tools to meet the demand of the timber industry and eventually led to the sawmill and 
it’s more advanced forms being used extensively (Clarkson, 1964).   
The main railroads early in the railroad industry that went through eastern United States 
were the Baltimore and Ohio and the Chesapeake and Ohio railroads.  The main routes were 
from Maryland in the northern part of the continent along the 39 degree parallel into northern 
West Virginia, Ohio, and through the southern part of West Virginia.  These main lines then 
created spurs and branches that made their way deep into West Virginia. 
One of the earliest organized rails through West Virginia was the Baltimore and Ohio, 
which eventually ran east through central West Virginia (Clarkson, 1964).  The rails off this 
main line included the Western Maryland and the West Virginia Central and Pittsburg Railroad.  
The railroad was proposed by Henry Gassaway Davis with full authority from the government to 
place it anywhere desirable in the name of economic progress (Maxwell, 1884)  The main road 
was built further into central West Virginia and made its way into the study area at Davis in 1884 
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(Reger, 1924).  The main line going through the study area was the West Virginia Central.  
Numerous spurs were built off this rail that extended into the study area.   
The entrance of the railroad into the area was initiated by Davis and Elkins.  The Davis 
area had main lines built through it around 1894 (Fansler, 1962).  According to Maxwell, though 
rails were in the area at this time, progress had not been made up into the woods east of the rails, 
which includes the area of eastern Tucker county and western Grant county (1884).  Tramways, 
rails built for oxen to pull timber, were built into the area that came off the main lines laying the 
way for the rail system.  However, the slow effort did not bring about much deforestation in the 
1880’s.  One of the earliest railroad spurs of the study area, built in 1907 for logging, went into 
the Cabin Mountain area (Stephenson, 1993).  The railroads and tramways made their way into 
the mountains and Picea spp. were beginning to be affected.       
The historical data of survey notes and survey maps reveal the transportation at the turn 
of the 20th century.  United States Geological Survey quadrangles dating from 1894 to 1921 and 
various other maps revealed railroads as they progressed.  Timbering in small amounts was 
limited because of this lack of good transportation.  The use of oxen and horses brought about 
slow transport of logs (Clarkson, 1964).  The movement toward powered locomotives sped up 
production and thus deforestation.   
1909 was the height of the logging industry and this was the time when impact in the 
study area was significant (Clarkson, 1964).  The ten years following brought about extensive 
landscape change as massive amounts of timber were moved out. By 1910, the timber was less 
than a quarter of its original presence (figure 1).  There were many spurs that still had not been 
laid deep into the area until 1910 to 1920.  These spurs came off the Western Maryland from the 
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Stony River rails and from Davis.  The major timbering operations throughout West Virginia had 
ceased around 1920 leaving a desolate land with only a few scattered stands left.   
 
 
Remote Sensing and Image Processing 
Current mapping techniques are superior to those of the past centuries because of 
technology.  The satellite remote sensing and Geographic Information Systems field has 
increased the ability for data collection and analysis.  Remote sensing is the collection of 
information from a source, without direct contact, by sensing active or passive radiation of the 
electromagnetic spectrum.  Passive mode is naturally occurring radiation (such as thermal) that is 
emitted from a source that reveals the object.  Active remote sensing is the production of 
electromagnetic waves from an emitter that are bounced off an object and the return information 
is recorded.   
The two remote sensing techniques involve collecting and manipulating the responses of 
electromagnetic radiation within a computer system to reveal information.  Only certain aspects 
of the electromagnetic spectrum are useful for mapping purposes because at certain wavelengths 
radiation energy is absorbed by the atmosphere or scattered making it useless for data collection 
(Figure 2).  The key to useful data is to know what remote sensing information needs to be 
obtained and identifying appropriate atmospheric windows. 
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Remote Sensing utilizes the electromagnetic spectrum to derive signature from the object 
being targeted (Figure 3).  The physics of electromagnetic waves is the size of the wavelength, 
usually measured in micrometers (10-6m) or nanometers (10-9m).   Certain areas of the spectrum 
reveal unique information.  Thermal infrared, for example, with a wavelength of 8 to 12 
micrometers (um) is emitted as heat and is used in thermal plume pollution detection often 
associated with industry on rivers.  Near infrared at .7 um, right above visible red, is useful in 
detecting healthy vegetation.  At this wavelength the leaf structure reflects very strongly in 
infrared and absorbs very well in the red portion of the spectrum.  The combination of these 
different portions of the electromagnetic spectrum with their unique properties can be 
manipulated to reveal new information about vegetation. 
Figure 2. Atmospheric windows allowing for Remote Sensing data collection 
(source http://rst.gsfc.nasa.gov/Intro/Part2_4.html) 
 11
 
 
 
Remote Sensing techniques derived within the last 30 to 40 years have enabled research 
to examine vegetation health.  The species of trees have unique signatures across the 
electromagnetic spectrum and their health can be determined through spectral reflectance 
characteristics.  Using algorithms that combine weighted coefficients and take advantage of 
reflectance characteristics reveal unique information to satellite remote sensing imagery 
(Franklin and Wulder, 2002; Lillesand and Keifer, 2000).  Reflected and emissive signatures 
recorded digitally can be input into image processing and GIS software to manipulate the 
information to reveal environmental peculiarities. 
Remote sensing is very useful for analysis to delineate current forest conditions.  The use 
of multi-date imagery combined with many types of algorithms has been used to derive new 
information.  The different techniques include Composite Imaging Change Detection, Image 
Differencing, and image ratio techniques such as Normalized Difference Vegetation Index 
Change (Jensen, 1996).  A common technique involves vegetation delineation that uses multiple 
Figure 3. Electromagnetic Spectrum. (source 
http://chemed.chem.purdue.edu/genchem/topicreview/bp/ch6/atom_emr.html) 
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image dates of the same area (Sader, 2003).  One study by Helmer et al used remote sensing to 
delineate old growth forests from second and third generation forests through image processing 
from multi-date imagery (2000).  This technique created land classification of old versus new 
growth forests which showed where new growth is not taking place.  The resulting classification 
information was then related to the surrounding land use.  This information has potential value 
by assigning growth and decline to attributes of forest information.  Specifically, individual tree 
species information can usually be distinguished.  Such techniques, when applied, can help in 
evaluating particular forest habitats.   
A common analytical technique is a vegetation index in which infrared (.75 um) is 
divided by red (.65 um).  Normalized Difference Vegetation Index, or NDVI, is similar but 
divides the addition and subtraction of the two wavelengths to account for illumination variance 
(Lillesand and Keifer, 2000).  Red absorbs and therefore does not reflect healthy vegetation well 
where infrared is very responsive.  Therefore a division of opposite spectral signatures will 
reveal a characteristic digital number that differentiates healthy vegetation from other spatial 
features such as water and barren land.   
The NDVI change detection method uses NDVI calculated multi-date imagery to show 
differences in infrared reflection between the two dates, thus indicating vegetation presence and 
health.  The use of this technique by Loyarte was successful for the purpose of change detection 
by examining histograms of NDVI to determine change in forest health as related to climate 
conditions (2002).  The information is usually presented in terms of false color representation 
where light color represents a stronger response and thus indicating vegetation.  These 
techniques, along with raster and vector geoprocessing using Geographic Information Systems, 
are commonly combined to provide very powerful analysis. 
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Geographic Analysis      
Land cover and vegetation change is the focus in this change detection study.  
Specifically, land use and topographic effects on conifers are examined.  Spatiotemporal analysis 
is the collection of location information and analyzing the relationships involved over time.  
Determination of human interference versus natural affects on vegetation has been accomplished 
for many studies.  Helmer, in the study of montane forests, found the intercession of logging 
made considerable impressions on the forest cover when doing a change detection study of 
vegetation and immediate land uses (2000).  Brown, using spatial overlay revealed soil and 
hydrologic characteristics of particular types of forest vegetation and noted their change over 
time and the effects on vegetation (2000).  The vegetation growing in a particular area is going to 
be in spatial coincidence or contained of another attribute, thus revealing new information such 
as slope characteristics or soil conditions affecting growth (Barbour, 2002) 
Independent variables such as slope, aspect, and other such land topographic 
characteristics have been shown to have effects on forest stand decline and growth (Bruhn, 2000; 
Barbour, 2002; Virgos,1999).  The use of this data as input into Geographic Information Systems 
reveals patterns.  Brown, in recreating historical vegetation, delineated the occurrences of 
specific land cover by use of spatial statistical tools to determine land cover density and patterns 
across space (2000).   
Recreating environmental conditions from elevation, climatic, and land use map data is a 
useful technique in mapping forests conditions (Iverson et al, 1989).  Using this information as a 
mask to narrow down analysis area is common in GIS analysis.  For example, the tolerances of 
vegetation are known such as temperature, elevation range, and soil conditions and can be used 
in data interpretation.  Pielke, in doing historical vegetation mapping, used ecological 
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preferences for mapping (1981).  Information about known suitable habitats can then be mapped 
over time to reveal habitat changes and the effects on tree growth as well as the potential effects 
on wildlife.   
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CHAPTER III 
 
Materials and Methods 
 
 
Study Area 
  The study area is located in Grant and Tucker counties in the northeastern part of West 
Virginia within the Allegheny Highlands section of the Appalachian Plateau (Figure 4).  The 
study area analysis covers approximately 2000 square kilometers with the geographic coordinate 
center at approximately 39.13 degrees north latitude and 79.27 west longitude.  The area covers 
all or part of the following six United States Geological Survey (USGS) quadrangles: Blackbird 
Knob, Mount Storm Lake, Blackwater Falls, Mozark Mountain, Davis, and Lead Mine.  The 
primary hydrologic features of the area are the Stony River, Beaver Creek, Yellow creek, Little 
Blackwater, and Blackwater River.  The Stony River drains into the Potomac watershed to the 
north, while the Little Blackwater, Yellow Creek, and Beaver Creek drain into the Blackwater 
River to the west.  The geology of the study area is primarily Paleozoic shale, limestone, and 
sandstone (Stephenson, 1993).  The transition zone between the ridge and valley and the 
Appalachian highlands are present just east of the area.  The ridge and valley region is a series of 
parallel landforms running in north-south direction.  The series of ridges roll west into gentler 
highlands.  Here, elevations become relatively high with a specific range from 800 to 1450 
meters within the study area.   
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Source Data    
The remote sensing data is Landsat Multispectral Scanner and Enhanced Thematic 
Mapper + from 1986 and 2000, respectively, obtained through West Virginia View (Table 1).  
Both datasets were acquired in March, within the same time period of two weeks, which 
accounts for seasonal variance in the image values (Jensen, 1996).  Both datasets contained a 
spatial resolution of 30 meters with the Multispectral Scanner (MSS) being resampled, which is 
common to perform analysis when working with different sensor systems (Jensen, 1996).  The 
bands consist of blue (band 1), green (band 2), red (band 3), near infrared (band 4), mid infrared 
Figure 4. Study area in Grant and Tucker Counties 
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(band 5), thermal infrared (band 6), and panchromatic (band 7) with these wavelengths ranging 
from .4 micrometers to 12 micrometers.  
 The wavelengths detected by the sensor systems are similar in the visible red at .6 to .7 
microns, but the near infrared varies more with the ETM + sensor capturing a larger portion of 
infrared.  Working with temporal 
data, Jensen suggests using  
sensors that have a spectral  
resolutions that are similar (1996).  
The datasets were chosen with as 
similar spectral characteristics as 
possible.  The cloud cover in both 
images was minimal and solar 
azimuth and elevation were both within 3 degrees.  Among the data available for the research, 
this was found to be the best.     
 Ancillary data for spatial analysis and classification of the imagery came from multiple 
sources.  Abandoned mine land shapefiles were obtained from WV GIS center originating from 
the Department of Environmental Protection, which limited analysis to confirmed abandonment.  
A Forest map obtained from the United States Forest Service was used to aid in visual 
interpretation of classified imagery.  The forest map data was last updated in 2003, but was 
delineated from aerial photos and survey field data, which was then digitized into shapefiles.  
Digital elevation models, with a spatial resolution of 30 meters, were used to derive slope.  
 
 
 1986 Landsat 5 
Image  
2000  Landsat 7     
Image  
Sensor  Multispectral 
Scanner (MSS) 
Enhanced Thematic 
Mapper + (ETM+) 
Spatial  
Resolution 
30m (Resampled) 30m  
Processing  Geometric 
Radiometric 
Geometric 
Radiometric 
Red 
Infrared 
.6 - .7 microns 
.7 - .8 microns 
.63- .69 microns 
.76 - .9 microns 
Spatial Ref  
System 
UTM NAD83 
Georeferenced 
UTM NAD83 
Table 1.  Satellite Image Information
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Preprocessing 
The steps to prepare the data for analysis involved image preparation and pre-processing 
to correct for spatial reference, atmospheric, and radiometric differences using ER Mapper.  The 
1986 image was projected in Universal Transverse Mercator NAD 1983.  The 2000 image was 
georeferenced to the 1986 image with using a polynomial transformation with twelve ground 
control points with an overall root mean square error of .09 which aligned both images 
accurately.   
Preprocessing for sensor noise, random noise, and geometric corrections was completed 
from the data source.  The first step for further processing was first-order haze adjustment and 
atmospheric scattering using histogram adjustment techniques.  The correction of radiometric 
variance coming from a variety of sources such as solar radiance, atmospheric scattering from 
haze and similar influences was completed (Sabins, 1997).  The initial difference between the 
imagery due to scattering was very small with red displaying more difference between bands due 
to Rayleigh scattering though neither image needed extensive correction.  The variance among 
image dates was corrected using object reflection characteristics where areas in both images 
should reflect similar radiation (Singh et al, 1989).  The dark subtraction model was used to 
correct atmospheric scattering based on the assumption that dark objects should reflect very little 
radiation and any difference is a result of scattering.   
 
Remote Sensing and Image Processing 
Changes in spatial patterns between vegetation and land use over time were examined 
using geographic information system (GIS) and remote sensing techniques.  Multi-date analysis 
using two ratioed images is one method for change detection analysis (Lillesand and Keiffer, 
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2000).   In temporal studies, data must be collected at appropriate time intervals and this 
information mapped.    Another method is post-classification comparison change detection where 
both dates are categorized and then compared to determine no-change and change between the 
categories (Jensen, 1996).  Both techniques were combined in this study in an algorithm process 
that was used for the change detection (Arzandeh and Wang, 2003).   
The study area was unsuitable for change detection based on supervised classification 
because of training region size, land access, and time constraints.  The training regions should be 
pure stands 3 to 4 times the pixel size (30 meters), which were unavailable.  Therefore a 
combination of a vegetation index and categorization, where the computer aggregates pixel 
values into similar regions, proved most feasible.   
A vegetation index is an accurate way to determine healthy vegetation location and 
compare in multi-date analysis.  Two remotely sensed images were used to derive a normalized 
difference vegetation index (NDVI) in which decline and growth were determined and overlaid 
with land uses and slope information.  NDVI is useful because it effectively accounts for 
illumination from slope and aspect which was an issue for supervised and unsupervised 
classification (Lillesand and Keiffer, 2000).  It is also effective for filtering out atmospheric 
scattering.  The physical principal of Rayleigh scattering states that scattering is inversely 
proportional to wavelength.  Therefore, as the wavelength gets smaller there is more scattering of 
atmospheric particles.  Thus, with longer wavelengths in the red and infrared region, less 
atmospheric scattering is present which yields more accurate pixel values (Figure 3).               
 The NDVI was created for each image and rescaled using a default linear transform to a 
256 scale (Figure 5).  The images were then categorized into six categories with healthy 
vegetation reflectance being determined through visual analysis, training regions, field data, 
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histogram observation, and ground truth (Arzandeh and Wang, 2003).  According to Arzandeh 
and Wang, working with different sensors, change-no change threshold can be difficult to 
determine.  A classified image differentiating vegetation from other land cover was used as a 
mask to determine conifer growth and decline and to determine the accuracy of the change no-
change threshold.   Statistical analysis revealed an accurate classification of growth and decline 
(table 2).  The Kappa for decline was evaluated at .7 with a classification accuracy of 84%.  
Growth had Kappa statistic of .46 with a classification accuracy of 72.5%.   
 
 
 
 
 
 
The multiplication of the two NDVI images was used to determine increase to decrease 
and vice versa, which is a technique used by Arzandeh and Wang (2003).  A pixel with high 
reflectance in the 1986 image, but a low reflectance in the 2000 image would indicate vegetation 
decline.  A pixel with low reflectance in the 1986 image, but high reflectance in the 2000 image 
would indicate growth.  The data was then reclassified into growth and decline as separate raster 
images (figure 6).   
 Correct Classification 
Rate 
        Kappa 
Decline 84%         .68 
Growth 72.5%        .46 
Table 2.  Accuracy Assessment for growth and decline
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 Figure 5. NDVI of Landsat MSS 1986 image with light areas indicating healthy vegetation. 
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Land classification of the image to determine natural areas versus human influenced areas 
was derived through image classification.  Different combinations of wavelengths reveal unique 
information about a scene and were used to detect differences between land cover.    
Unsupervised classification was performed to do general land classification between water, 
forested areas, and urban and mining areas as well as to do more specific classification between 
major tree species such as Picea spp. and Pinus spp.  Based upon these spectral signatures, 
vegetation, water, and land use extents throughout the image were determined. The field data of 
 Figure 6.  Vegetation growth and decline before analysis masks.
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ground truth information, aerial photo and satellite imagery interpretation, and the forest map 
information were combined to aid in interpretation of the unsupervised classification results.   
The classified image to determine tree species was constructed through unsupervised 
classification and interpreted with the forest map and field work.   One study, by Helmer et al, 
showed that conifers are differentiated by wavelength in the mid-infrared region at around 1 to 3 
microns, as well as thermal and green (2000).    The ability of classification to discriminate 
conifer is due to infrared reflection related to chlorophyll content and leaf area (Zhang, 2003).  
The use of bands 543 were used for classification of the images.  The accuracy of the classified 
image of conifer species was high for Pinus spp. and Picea spp. with 70.6 % and 68.8 % and the 
kappa .43 and .39, respectively (table 3).  
 
 
 
 
 
 
Spatial Analysis 
  The analysis involved examining original vegetation in the 1986 image and determining 
where changes of growth and decline occurred in the 2000 images and relating it to the ancillary 
data described above using ArcGIS Spatial Analyst.  The spatial vegetation information of 
growth and decline were derived from Remote Sensing and combined with the land use 
abandoned mine land and slope information.   The final results were percentages of gains and 
losses in terms of original vegetation.   
Image Correct Classification Rate         Kappa 
                2000     70.6%        0.43 
                1986                  68.8%       0.39 
Table 3.  Classification accuracy of unsupervised .classification.
 24
The primary land use was former mining areas.  The abandoned mine land data was in 
vector format and was converted to raster.  From here, vegetation that had existed in the 1986 
image was isolated and from this data gains and losses were determined. 
The slope data was derived from a digital elevation model dataset.  Spatial analysis 
involved finding decline and growth that intersects a slope angle.  A natural area analysis mask 
was defined by the use of unsupervised classification of both images where urban and mining 
were identified and not included in analysis.         
  The unsupervised classification was used to determine the individual species that 
revealed growth and decline.  The area of spatial coincidence of a pixel of growth or decline and 
the class value of the species determined, quantitatively, the amount of growth and decline for 
each conifer.   
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Statistical Analysis 
Statistical tests were conducted on various conditions that were believed to affect 
conifers.  Barbour et al used four environmental variables and conducted Analysis of Variance 
(ANOVA) tests for comparison (2002).  In this study, a similar approach was used for 
environmental variables.   
Log transformations were applied to the growth and decline data in order to fulfill the 
assumptions of ANOVA.  Slope was split into five degree intervals and differences between the 
resulting intervals were tested.  For this purpose a protected T-test was conducted, followed by 
two-sample difference of means tests.  Back transformed means were then reported 
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CHAPTER IV 
 
Results 
 
Study Area 
   Spatial analysis of the study area revealed how much and where growth and decline 
occurred (figure 7).  Coniferous stands and time-change analysis showed an 18.14 % increase in 
detectable growth between 1986 and 2002.  The total decline for the area was 3.5 % for the study 
area.  The net vegetation change was +14.64 %, thus indicating an overall increase in vegetation 
(table 4).  
        
 
Figure 7.  Conifer growth and decline compared to original vegetation
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Analysis for natural areas indicated similar temporal patterns to the overall study area 
(table 4).  The decline on the natural areas came to 2.11 percent.  The increase of vegetation 
came to 14.96 percent with an overall net increase of 12.85 percent.  Analysis of natural area 
growth and decline revealed overall growth independent of land use and human interference 
 
 
 
 
 
 
 
 
Abandoned Mine Lands 
Overall, the majority of vegetation decrease between the two image dates occurred 
primarily because of clear cutting.  The major contributor to decline was the clear cutting of 
Pinus spp. in active mining areas.  In abandoned mine lands a decline of 4.28 % was observed, 
which is slightly higher than in natural areas (figure 8).  On the other hand, the increase in 
vegetative cover was very noticeable at 37.14%.  Image interpretation revealed that this growth 
is caused mostly by replanting.  Abandoned mine lands had a net total of 32.86 % growth from 
1986 to 2000 (table 5).   
                                                                                                                                                                               
 Study Area 
Total Growth 
Natural Areas 
(Study Area – Land Use\Urban) 
Growth 18.14% 14.96% 
Decline 3.50% 2.11 % 
Net Total 14.64 %  Growth 12.85 % Growth 
Table 4. Percentages in terms of  growth and decline in terms of  original vegetation. 
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 Abandoned Mine Land 
Growth 37.14 % 
Decline 4.28 % 
Net Total 32.86 % Growth 
Figure 8.  Decline is not noticeable on abandoned mine lands indicated in the overlay 
Table 5. Percentages of Original Vegetation only on Mine Land.
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Slope 
The ANOVA comparing declines in five degree slope intervals was highly significant          
(F = 10.6; p < .0001).  Two-sample difference of means tests (table 6) revealed significantly 
greater declines on steeper slopes (20-30 degrees).  There were fewer declines on slopes between 
one to 30 degrees (figure 9).   
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Slope 
 Intervals (Degrees) 
% Decline  
(back transformed) 
Significantly  
Different Groups a 
0-5 2.53 A 
5.1-10 1.98 A 
10.1-15 2.20 A 
15.1-20 2.99 A 
20.1-25 6.82 B 
25.1- > 8.36 B 
             a)  if groups have the same letter, they are not significantly different at alpha = .05  
 
 
 
Figure 9. Declines Related to Slope of Landscape.
Table 6.  Two-sample difference of means test for decline 
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The ANOVA indicated significant differences in growth between slope intervals (F = 
7.578; p < .001).  The growth occurred variably on the slopes of 24 degrees and higher (table 7).  
There were consistent gains on slopes between one and 24 degrees. Variability increased 
noticeably on higher elevations (figure 10). 
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Slope Interval 
(degrees) 
% Growth (back 
transformed) Groups a 
0-5 13.9 1
5.1-10 17.2 2
10.1-15 14.1 3
15.1-20 12.0 4
20.1-25 11.7 5
25.1- > 18.8 6
     a) significantly different groups indicated in chart below. 
2 3 4 5 6 Groups 
0.022 0.831 0.223 0.553 0.047 1
 0.000 0.019 0.238 0.462 2
  0.170 0.534 0.049 3
   0.924 0.014 4
    0.170 5
Figure 10.  Growth Related to Slope of Landscape.
Table 7.  Back transform means and p-values for 
dependence of growth on slope. 
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Figure 11. Growth overlay on topography.
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Image Classification 
The determination of species among conifers proved somewhat difficult because of 
spectral confusion when image classification was applied.  The overlay of the classified images 
revealed specific species that displayed growth and decline.  The visual interpretation of areas 
classified as growth and decline allowed for the determination that Picea spp. was not declining 
and there was a clear increase in growth.  The results are consistent with literature showing a 
recovery among Picea spp., specifically P. rubens, and conifer plantations of P. abies 
(Stephenson, 1993).  
Species-specific growth and decline was determined from the classified image, which 
was used to delineate species from each other through reflectance response.  The combination of 
bands 5, 4, and 3 were found to differentiate well between Pinus spp. and Picea spp. in the 
imagery for classification (Figure 12 and 13).  The highest reflectance difference was in the 
infrared region between P. rubens and Pinus spp.  The differentiation between very similar 
species, P. abies and P. rubens, was mixed with spectral confusion in the image classification.  
The high correlation of spectral information between the subspecies of Picea spp. caused 
misclassification.   Therefore, further research could be done in this area because training regions 
and sample sites were not adequate for signature confirmation.  
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Figure 12.  Spectral Signature Patterns.  
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Figure 13.  Unsupervised Land Classification with growth overlay
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The unsupervised classification of the image showed species decline and growth and did 
support the initial idea that Picea spp. was involved in significant growth (Table 8).  However, 
Pinus spp. showed the most growth.  The specific species delineation of the area using these 
techniques could be further researched.  Pinus spp. had the most growth at 8.2 percent followed 
by Picea spp. at 6.2.  The most declines were Pinus spp. at 2.4 percent where decline for Picea 
spp. was .6 percent.  
 
Species Percent Growth Percent decline 
Pinus spp. 8.2 2.4 
Picea spp. 6.2 0.6 
        
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 8. Results of Unsupervised Classification for Growth and Decline
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CHAPTER V 
Discussion and Conclusion 
 
Most vegetation decline in the study area was due to clear cutting for logging purposes 
though the study area exhibited an overall increase in vegetation.  Today, the overwhelming 
cause of vegetation decline is of non-threatened species due to clear cutting.  Image classification 
of natural areas, or non-land use, exhibited a dramatic increase in vegetation growth.  The study 
suggests that replanting is a major contributor to the growth of vegetation in the area. 
The growth and decline on slopes revealed interesting results.  The decline was 
considerably higher on steeper slopes.  Reasons for this might be due slope stability and for 
vegetation stability.  The growth showed differences between steep and less steep slopes but 
should have been more pronounced because of the tendency of growth on steeper slopes for 
Picea spp.  One reason for this might be because Picea spp. is not competing for space as it did 
when the forest cover was nearly impenetrable and therefore was not dependent on steep slopes 
for survival.     
The natural growth overall was strong among red spruce-balsam fir and signals a 
progressive comeback of a once healthy forest made up almost completely of P. rubens.  P. 
rubens had the most increase which was determined by interpreting the forest map with the 
general unsupervised classification. The determination of vegetation decline patterns until the 
recent past was from data collected from historical accounts of surveyors.  The temporal study of 
conifer decline will become apparent as more images are examined on future dates.  The recent 
past shows that some Picea spp. never recovered from the original deforestation from timbering 
and resulting fires.  There are other land uses that could be further investigated such as urban 
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land use versus clear cutting.  Also, there are places where Picea spp. is not recovering and this 
presents further research as well.    
There were problems encountered in the research.  The 1986 image was resampled, 
which is common in research, but may have influenced the results.  Ideally, the same image 
resolution and the same sensor would have produced more accurate results.  The abandoned 
mine lands were not completely accounted due to lands that were abandoned between the two 
image dates.  Therefore, the analysis was confined to confirmed abandoned mine lands which 
contained vegetation in the 1986 image.   
Though the results are not complete, they indicate a general trend of how the 
environment is responding.  Research should be conducted to produce more accurate classified 
images than could be done in this study.  The forest stand species map from the USFS covered 
over half of the study area and therefore only that information was used in determining the forest 
types along with field investigation.  The areas defined as natural areas were were derived from a 
combination of ancillary data and visual analysis.  Not all data was field verified therefore 
possibly introducing some error though this was accounted for reasonably well.   
The classification to determine specific species growth was attempted because the data 
was available, but more field research would be needed for more accurate results.  There are 
other species of trees in the area, but were not accounted for because of time and access 
constraints.  There is important information that is therefore lost that could indicate more 
accurate findings.  An accuracy assessment was conducted to validate the results of the classified 
image, but more field data would greatly increase the classification accuracy and ability of 
species differentiation.   
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The time-change analysis using remotely sensed data revealed that there is a net increase 
in terms of area coverage of conifers.  Conversely, there are significant locations of no growth 
such as certain natural areas without any human interference.  For a land that was once 
completely filled with Picea spp., the general conifer vegetation is recovering, which is 
supported by general land studies, but has not achieved a state anywhere close to the original 
composition.  
The findings are consistent with general land studies.  The defining of specific species 
shows that P. rubens is increasing and therefore the habitat of the flying squirrel is increasing as 
well.  Based on unsupervised classification and the forest maps, P. rubens and Pinus spp. 
showed the most gains.  Pinus spp. is a habitat for many species and it showed the most 
decrease.  Pinus spp. decrease was due to primarily clear cutting on mine land and urban areas.  
Picea spp. decline occurred in natural areas.  Overall, with the net increase, the occurring decline 
is not of serious concern.  The decline that occurred because of land clearing is noteworthy and 
shows where deforestation is still blighting the land.      
Other areas of interest were found in doing this research.  The use of bands 543 and 542 
of ETM+ proved to be applicable for distinguishing conifers though the correlation was very 
high among similar species.  The same bands were not nearly as effective for the Landsat MSS 
probably because of the different spectral resolution.  Initial work was attempted in determining 
P. rubens from P. abies through remote sensing reflectance.  Within the means of this study the 
spectral information is too similar to be able to delineate P. rubens from P. abies.  Due to time 
constraints and poor training regions, more research would have to be done over a wider area to 
obtain better training regions for other tree species.  This is future research that could be of 
significance in determining growth and decline from satellite imagery and remote sensing. 
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